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A B S T R A C T

The collaborative design of America’s patient-centered medical homes places these practices at the forefront of emerging efforts to address longstanding inequities in
the quality of primary care experienced among socially and economically marginalized populations. We assessed the geographic distribution of the country’s medical
homes and assessed whether they are appearing within communities that face greater burdens of disease and social vulnerability. We assessed overlapping spatial
clusters of mental and physical health surveys; health behaviors, including alcohol-impaired driving deaths and drug overdose deaths; as well as premature mortality
with clusters of medical home saturation and community socioeconomic characteristics. Overlapping spatial clusters were assessed using odds ratios and marginal
effects models, producing four different scenarios of resource need and resource availability. All analyses were conducted using county-level data for the contiguous
US states. Counties having lower uninsured rates and lower poverty rates were the most consistent indicators of medical home availability. Overall, the analyses
indicated that medical homes are more likely to emerge within communities that have more favorable health and socioeconomic conditions to begin with. These
findings suggest that intersecting the spatial footprints of medical homes in relation to health and socioeconomic data can provide crucial information for policy
makers and payers invested in narrowing the gaps between clinic availability and the communities that experience the brunt of health and social inequalities.

1. Introduction
Efforts to transform the US primary care system have gained
tremendous momentum over the past decade. In particular, the number
of primary care clinics that have transformed into designated PatientCentered Medical Homes (PCMH) has grown, and millions of Ameri
cans are benefiting from access to better coordinated care (Reid et al.,
2009, 2010; Devries et al., 2012; Friedberg et al., 2015; Jones et al.,
2016b; Rosenthal et al., 2016). According to the National Committee for
Quality Assurance (NCQA), which is the country’s largest medical home
recognition program, from 2013 through 2017, 6,639 medical homes
emerged, increasing the total number of NCQA-designated practices to
12,378 (Crimm and Liss, 2014). Akin to other patient-based practice
structures, such as Ontario’s Family Health Team Model (Rosser et al.,
2011), medical homes are largely based on physician-led continuity of
care delivery that includes multi-specialty care teams that utilize shared
decision-making (Chimento and Thomas, 2017). In the broadest sense,
they represent a transformative approach to improving patient care,
reducing avoidable utilization, and increasing satisfaction among pro
viders (Agency for Healthcare Research and Quality, 2011).
Challenges to the US primary care system make it imperative to
assess the benefit of its PCMH transition. One issue is that medical home

evaluations continue to produce mixed (Aysola et al., 2018; Romaire
et al., 2018; Shippee et al., 2018) and sometimes negligible effects (Cole
et al., 2015; Flieger, 2017; Friedberg et al., 2014; Fifield et al., 2013;
Jaen et al., 2010). Negative findings are bolstered by systematic reviews
and meta-analyses that suggest many of the program successes are
oversold (Sinaiko et al., 2017). Several possible explanations for these
findings have been offered, including differences in its design and
implementation, variation in adherence to structural processes mea
sures, and/or differences in the size and ownership of the practices that
implement the model (Basu et al., 2016; Bitton et al., 2010). A potential
bias to these findings has been the lack of geographic detail on where
medical homes are emerging relative to the communities that they serve,
which has significant impact on how patients access health care services
(Brook, 2015).
Intersecting these challenges are whether key features of the medical
home’s design, from consolidating major segments of the health care
system, to shared decision making between patients and providers, to its
underlying focus on multi-disciplinary care, can mitigate longstanding
inequities in the quality of primary care experienced among socially
marginalized populations. For example, medical home evaluations have
found increased access to mental health specialists (Jones et al., 2015),
improved medication adherence ((Kilany et al., 2018; Moczygemba
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https://doi.org/10.1016/j.healthplace.2020.102439
Received 17 February 2020; Received in revised form 11 July 2020; Accepted 31 August 2020
Available online 16 November 2020
1353-8292/© 2020 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

N. Bell et al.

Health and Place 67 (2021) 102439

numerous ways of measuring geographic access using GIS. Approaches
range in scope from those that use distribution-based models drawn
from
various
census-based
enumeration
units,
such
as
provider-to-population ratios or location quotients (Schuurman et al.,
2008), to network-based methods that incorporate travel times and
impedances (Bell et al., 2018), to methods that more explicitly capture
the spatial interaction between patients and providers within the
context of where people live (Bell et al., 2008; Huang et al., 2015; Mair
et al., 2010; Ngui et al., 2014). Building on this research base, the model
developed in this study was designed to address the following objectives:
(1) to examine the spatial distribution of primary care practices that
have transitioned into designated medical homes, (2) to analyze the
spatial distribution of medical homes in relation to distribution of
community health and socioeconomic conditions where they are
located, and to (3) assess the degree to which the spatial distribution of
medical homes converges with similar distributions of health and so
cioeconomic contexts.

et al., 2011), as well as better recovery rates among patients with
chronic mental or physical health diseases (Sklar et al., 2015; Toomey
et al., 2011); all of which are outcomes known to follow social gradients
(Chernew et al., 2008; Fiscella et al., 2002; Green et al., 2003; Heisler
et al., 2007; Reyes-Gibby et al., 2007; Wells et al., 2001). However, thus
far only a handful of studies have shown that medical home access can
mitigate social and economic barriers (Markovitz et al., 2015; Reibling,
2016; Belue et al., 2012; Aysola et al., 2011, 2013).
Confounding these findings, however, is that a PCMH effect has
largely been derived from the Medical Expenditure Panel Survey (MEPS)
(Reibling, 2016) and the National Survey of Children’s Health (NSCH)
(Belue et al., 2012; Aysola et al., 2011, 2013; Aysola et al., 2011) da
tabases, neither of which define medical homes using the structural
criteria required by the institutions that designate (i.e., certify/accredit)
practices. In studies that have assessed the influence of socioeconomic
conditions on access to designated medical homes the results have been
mixed. Some studies have shown that socially vulnerable populations
are more than twice as likely to experience at least one barrier accessing
a medical home (Berenson et al., 2012). Insurance status remains a key
access barrier (Stevens et al., 2010; Beal et al., 2009), as does a person’s
race/ethnicity (Jones et al., 2016a; Simonetti et al., 2014; Tarraf et al.,
2017). Differences in access among rural/urban populations further
underscores how well-known barriers to care continue to impact new
efforts to improve health care utilization and outcomes (Rosland et al.,
2018).
Access to healthcare is essential for monitoring the performance of
all health care systems. This is of particular significance for PCMH
evaluations in light of their growth curve, which continues to trend
upward. However, there is no indication as to whether there has been a
proportionate emergence in medical home transformation relative to the
communities they serve, or if the communities that are seeing the
greatest influx of medical homes are systematically different from their
neighboring communities with regard to its health or socioeconomic
characteristics. While it is generally agreed that access to medical care is
less attributed to an individual’s health than broader social and eco
nomic structures (Mcginnis et al., 2002),geography nonetheless plays a
fundamental role in determining the amount and kind of care patients
receive and is used here to help identify communities with poor PCMH
access and provide information that can be used for better health care
planning.
When studying health care prevention or the diagnosis and treatment
of disease, health services access is most often viewed as the ability to
obtain health care services in light of a person’s need for care (Aday and
Andersen, 1981), as well as the ability to command access to these
services so that one’s health status can be maintained or improved
(Cromley and Mclafferty, 2002). The labeling and classification of ser
vice utilization is often quantified as a function of both the health care
environment and population characteristics through various predispos
ing and enabling factors, along with a person’s perceived and actual
need for care (Andersen, 1968). For example, the demographic and
health outcome composition of a community are important predisposing
factors that represent measures of disease burden. However, services to
maintain health status or prevent disease spread can only be routinely
obtained if conditions that enable service access are also available. Ac
cess to transportation, adequate insurance, income, as well as time
available to obtain care are all important enabling factors of health care
utilization.
Another important enabling factor of a population’s overall utiliza
tion of health care service is geographic accessibility. As health care
services are often provided at fixed locations, understanding spatial
relationships between the availability of services (i.e., supply) and a
population’s need for services (i.e., demand) can further distinguish
whether services are easily accessible and where additional services may
be needed (Cromley and Mclafferty, 2002). Most often, geographic
accessibility studies require geographic information systems (GIS) to
bring imbalances between supply and demand to light. There are

2. Methods
Our research method employs a geocoding and data linkage protocol
to exploit information on medical home locations and community social
determinants and health outcomes from an array of publicly available
administrative data sources in an effort to map the location of medical
homes in relation to the health and socioeconomic conditions of the
communities in which they have emerged. The administrative data
chosen for this analysis is a convenient way of undertaking research to
examine the overlap between health services locations and the com
munities they serve. Due to the availability of data at different scales, the
methodological approach we designed to link them requires working
within the limitations of available data for all specific inferences that
were derived. For example, the location of medical homes was geocoded
at the address level, but the primary unit of analysis for the regression
models are census counties owing to the aggregation of individual-level
responses to health and socioeconomic-related survey questionnaires.
2.1. Data sources
The Accreditation Association for Ambulatory Health Care (AAAHC),
the Joint Commission (JC), and the National Committee for Quality
Assurance (NCQA) are the primary organizations that designate a
practice as an accredited/certified PCMH, the foremost of which is
NCQA (Hing et al., 2017). As this study was limited to extrapolating data
from publicly available sources, NCQA and JC recognition was defined
using their 2018 lists(Assurance, 2018; Commission, 2018) whereas
AAAHC accredited sites were extrapolated from its 2019 report(Care,
2019). We included only AAAHC accredited sites that were designated
as a family, pediatric, or internal medicine practice as these facility types
coincide with NCQA certification criteria. We flagged medical homes
that were jointly designated by more than one accrediting agency to
avoid double counting. We use the term ‘designated’ medical home
throughout the remainder of this paper to refer to a medical home that
met the accreditation and/or certification requirements to obtain its
designation title. This process allowed us to map nearly all designated
medical homes throughout the country that provided primary care
services.
Statistics on county-level health, socioeconomic, and demographic
characteristics were obtained from the most recent Robert Wood
Johnson (RWJ) county health ranking database (2018) and the corre
sponding American Community Survey (ACS) 5-year data cycle (2017).
RWJ county health rankings are derived from self-reported and statis
tical data from the Small Area Income and Poverty Estimates program,
the Behavioral Risk Factor Surveillance System, the Centers for Disease
Control, ACS estimates, the Bureau of Labor Statistics, the Fatality
Analysis Reporting System, and other data sources (Robert Wood
Johnson Foundation, 2019). In total, there are 25 health outcome
2
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measures and behavioral measures that are released annually by the
RWJ. All measures are released at the county scale as percentages or
ratios per capita. Its health outcome measures are subdivided into length
of life and quality of life measures. Its length of life measures includes
life expectancy, premature age-adjusted mortality, child mortality, and
infant mortality. All four measures are derived from National Center for
Health Statistics - Mortality Files and reported as counts per capita (e.g.,
per 100,000 persons; per 1,000 births). There are eight quality of life
measures, most of which are derived from Behavioral Risk Factor Sur
veillance System reports. These include frequent physical and mental
distress, diabetes and HIV prevalence, low birthweight, and
self-reported days of poor or fair health as well as poor physical and
mental health days.
RWJ behavioral health questions are organized into five sub
categories, including tobacco use, diet and exercise, alcohol and drug
use, sexual activity, and other health behaviors. The measures include
adult smoking, food insecurity, limited access to healthy foods, adult
obesity, physical inactivity, access to exercise opportunities, drug
overdose deaths, alcohol-impaired driving deaths, excessive drinking,
motor vehicle crash deaths, insufficient sleep, sexually transmitted in
fections and teen births. A data dictionary and downloadable file for
these data are publicly available through the RWJ (Robert Woods
Johnson Foundation, 2020).
We included six of the health and behavioral health measures for
analysis. These included four of its quality of life measures of poor or fair
self-rated health, poor physical and mental health days as well as pre
mature age-adjusted mortality. Both poor physical and mental health
days are measured as the number of adults reporting 14 or more days of
poor physical or mental health days per month whereas premature
mortality is an age adjusted measure of the number of deaths among
residents under age 75 per 100,000 population. We also included the
number of drug poisoning and motor vehicle crash-related deaths. Both
are numbers of death per 100,000. One reason for this sub-selection was
that these five measures are all believed to benefit from greater access to
medical homes(Cheatle et al., 2012; Commander et al., 1999; Culpep
per, 2010; Elder et al., 2016; Fromer, 2011; Isetts et al., 2012; Jerant
et al., 2012; Sullivan et al., 2011; Tew et al., 2010). Another is due to
data availability. We excluded any health or socioeconomic measure
that had missing responses for more than 100 counties. This resulted in
the exclusion of data points potentially associated with PCMH quality (e.
g., “did you receive the health care you needed”) as response rates for
these and other contextual questions were available for fewer than 40%
of all US counties, on average. Corresponding covariates included in the
analysis known to confound differences in access to primary care ser
vices included percent African American, percent Medicaid, percent
Uninsured, percent children living in poverty (as the percentage of
people under age 18 living in poverty), and percent rural populations.
ACS estimates were used to derive county-level Medicaid insurance
rates. RWJ estimates of uninsured rates are derived from ACS estimates.
All covariates selected for analysis were chosen both due to the conve
nience of being collected in the RWJ rankings and being available for all
census counties as their as well-known association with health
disparities.

suffix, ZIP code) abstracted from all PCMH registries to street centerline
data using the ESRI Street Map Premium commercial geocoding soft
ware and then assigned each practice to the census county that encap
sulated its location. This particular network data file is an enhanced
version of commercial street reference data from HERE, TomTom, and
INCREMENT P. The benefit of using the enhanced centerline files is
access to more precise and up-to-date address information. Prior to
geocoding, we standardized each address file to US Postal Service
mailing format to increase the likelihood of matching the provider
address information with the street centerline file. Standardization was
done using ZP4 address correction software. County unique identifiers
were used to link the geocoded PCMH data file to the RWJ and ACS data
files.
2.3. Statistical analysis
Our methodology used a univariate cluster analysis (LISA statistics)
to analyze similarly-defined overlapping clusters of statistically signifi
cant RWJ health outcome statistics and PCMH-to-population ratio
saturation patterns. LISA classifies spatial clusters into four types of
patterns: High-High, Low-Low, High-Low, and Low-High. Typically, the
High-High and Low-Low clusters are the ones defined as a spatial cluster
whereas High-Low and Low-High clusters are considered to be spatial
outliers (Anselin, 1995). This is a similar approach to bivariate LISA
techniques (Brooks, 2019). Other commonly used spatial cluster ap
proaches include density-based cluster models as well as spatial scan
statistics (Chen, 2013). As we were distinctly investigating spatial
clusters of medical home saturation and community health outcomes
and both cluster types were predominantly based on ratios using the
same denominator, we did not standardize all outcomes using a shared
metric. Variations of this approach could be applied using standard
deviations of concentrations of events (Shay et al., 2020).
We first measured associations within geographic clusters of PCMHto-population ratios as well as each RWJ health outcome statistic using
univariate cluster analysis and local Moran’s I statistics. PCMH-topopulation ratios were defined per 100,000 persons following stan
dards commonly used by the Dartmouth Health Atlas among others.
Geographic clusters of statistically significantly (p < 0.05) High-High (e.
g., county with poor health outcomes that neighbored another poor
health outcome county), Low-Low (e.g., county with low PCMH ratios
neighboring another low PCMH ratio county), and mixed (e.g., county
with low resource need neighboring a county with high resource need
and vice versa) events were flagged.
Next, we conducted a bivariate analysis using a multinomial classi
fication system to examine the overlapping spatial clusters found after
overlaying significant High-High and Low-Low PCMH-to-population
ratios with RWJ health outcome clusters. Our objective was to expand
on the singular cluster models by assessing where there were over
lapping areas of different characterizations of supply and demand. As
such, we identified different High-High and Low-Low overlapping
cluster combinations that could be considered unfavorable (e.g., over
lapping clusters of high resource need and low supply), favorable (e.g.,
high supply and low need), high need (e.g., high need and high supply),
and low need (e.g., low supply and low need). Overlapping incongruent
resource clusters (e.g., low resource need and high supply, low resource
need and low supply) were also identified, but were excluded from the
regression models. These clusters were excluded as they were considered
to be spatial outliers. After these overlapping counties were identified
we regressed county socioeconomic and demographic characteristics
onto each cluster pairing using multinomial logistic regression. Counties
captured in the low need clusters were used as the reference group. All
analyses were conducted using ArcGIS, version 10.7 and STATA, version
16 for Windows. The University of South Carolina institutional review
board determined this study was not human subjects research and did
not require board oversight.

2.2. Geocoding
Geocoding, also called address matching, is a widely used method
ology to map the geographic distribution of health care providers and for
identifying neighborhoods or regions where populations are underserved(Luo and Wang, 2003; Peterson et al., 2011). In this approach,
electronic databases containing personal identifiers such as address in
formation are spatially linked to situs (i.e., point), linear (i.e., streets), or
area (i.e., Census tracts) boundaries and assigned corresponding latitude
and longitude coordinates. Our analysis employed a composite geo
coding methodology; which allowed for situs, linear, and area address
referencing. We linked address information (e.g., street name, street
3
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3. Results

Appalachian states and the central Midwest. Low-Low clusters consti
tuted areas with low supply ratios relative to the total population
neighboring similar areas.
Significant geographic clusters of drug poisoning-related deaths
were observed throughout the country. One of the larger concentrations
was greater across the Appalachian states, including parts of Kentucky,
Tennessee, West Virginia, Arkansas, Missouri, Oklahoma, Indiana, Illi
nois, and Texas. Other clusters included the borderland states of New
Mexico and Arizona, the southern counties of Florida and Louisiana, as
well as northern California, Washington, Michigan and coastal New
England. Geographic clusters of alcohol-related deaths were predomi
nant in the northern counties in states spanning from Idaho to Wisconsin
and into central South Carolina, Louisiana, Michigan, as well as areas
across the Great Plains states. Patterns of premature mortality were
predominant in the Appalachian states as well as throughout the
southeast.
Spatial clusters of poor mental health days were consistent with
those shown for poor physical health days. These areas were predomi
nant in the Appalachian states and the southeast, with additional clus
ters emerging in northern Michigan, the southwest, and pockets
throughout Washington, Oregon, and northern California. Spatial pat
terns of fair/poor self-rated health were most similar to those pertaining
to poor mental or physical health days, but also extended into Texas and
New Mexico. Although geographic patterns were largely similar across
all six health outcomes, there were some notable differences. Favorable
population health clusters were frequently concentrated across the New
England states as well as across the northern Great Planes and the Col
orado Plateau. Additionally, drug-related deaths had high concentra
tions in the western US, where most other health outcome clusters were
largely favorable.
The number of medical homes and counties included in the models
after identifying unfavorable, high need, low need, and favorable

We identified 13,611 NCQA, 1,581 JC, and 508 AAAHC non-military
and uniquely recognized medical homes within the contiguous US,
resulting in a total of 15,656 facilities located within 1,784 counties
(57.4% of contiguous US counties). Approximately 6% of medical homes
were designated by more than one accrediting agency. We did not
differentiate further as to which accrediting agency designated the
medical home.
Fig. 1 shows county-level PCMH-to-population ratios across the
country. Darker color sequencing on the map depicts higher ratios. In
total, approximately 4% of all counties (n = 72) and 2% of all medical
homes (n = 325) were classified into the ratios that exceeded 25 prac
tices per 100,000 persons. By comparison, approximately 9% of counties
(n = 163) and 10% of medical homes (n = 1,589) were located in
counties that had ratios between 15 and 25 per 100,000 persons,
whereas 46% of all counties (n = 819) and 60% of medical homes (n =
9,440) were located in areas that had provider-to-population ratios be
tween 5 and 15 per 100,000 persons. In total, 16% (n = 2,495) of all
medical homes were located in New York state. Only Florida (n = 1,077)
and Texas (n = 1,003) contained more than 1,000 medical homes.
Fig. 2 shows the statistically significant High-High, Low-Low, HighLow, And Low-High spatial clusters of the PCMH-to-population ratios as
well as six RWJ health measures. High-High PCMH clusters, represent
ing neighboring counties having similarly high supply relative to the
total population were located throughout New England, the Carolinas,
as well as southern Georgia and Texas, central Louisiana and Mississippi,
Arkansas, the greater Appalachia region of Missouri and Illinois, and
variously throughout the far west. These areas were also encapsulated
mixed Low-High ratios of counties with low supply relative to the total
population. Mixed High-Low PCMH clusters were predominant
throughout the eastern Great Plains states, as well as across the greater

Fig. 1. Number of designated medical homes per 100,000 persons across US counties.
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Fig. 2. Univariate cluster patterns of PCMH ratios and RWJ community health outcomes.
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overlapping clusters is shown in Table 1. The counties that retained the
greatest proportion of medical homes were classified into the favorable
cluster category. Overall, the proportion of medical homes included in
the multinomial regression model ranged from 13.2% for alcoholimpaired driving deaths to 32.2% for premature mortality. Similarly,
the proportion of counties included in the models that contained at least
one medical home ranged from 13.6% for alcohol-impaired driving
deaths to 46.0% for fair/poor self-reported health days. The RWJ indi
cator for alcohol-impaired driving deaths resulted in the largest reduc
tion of counties from the analysis.
Differences in the health, socioeconomic, and demographic profiles
of US counties included in the four overlapping cluster pairings are
shown in Table 2. All comparisons were statistically significant (p <
0.0001). Trends in disease/illness rates as well as mortality rates across
all causes remained consistent across every pairing. Differences in
mortality rates between favorable and unfavorable clusters ranged in
magnitude but were consistently higher across unfavorable cluster
pairings. Similar trends were observed for high-need spatial clusters. In
almost all instances, county-level rates of percentage African American,
percentage uninsured, percentage Medicaid, percentage poverty, and
percentage rural were highest within unfavorable and high need clus
ters. Differences in the proportion of rural populations across each
cluster were most pronounced within overlapping clusters of alcoholrelated deaths.
Relative odds ratios and 95% confidence intervals for each of cluster
pairing after adjusting for county sociodemographic characteristics are
shown in Table 3. The reference group for each model is the category
representing overlapping clusters having low resource need and low
resource availability. Counties with high uninsured rates were more
likely to lie within unfavorable and high need counties compared to low
resource need counties whereas counties with low uninsured rates were
more likely to lie in favorable clusters. Among persons residing in
favorable cluster overlaps, having insurance reduced the relative

probability of experiencing each health outcome by as little as 1% or as
much as 34% compared to populations who lived in low resource need
counties. By comparison, lack of insurance increased the relative prob
ability of experiencing drug overdose, premature mortality, or reporting
fair or poor self-rated health among persons residing in unfavorable
overlapping clusters by as little as 1% or as much as 52%. Counties with
higher proportions of African American populations were more likely to
reside in favorable spatial clusters within four of the six health out
comes. Additionally, counties with greater proportions of Medicaid re
cipients were more likely to reside in each cluster type compared to low
resource need counties. All comparisons showed that residing in a rural
area provided a protective effect compared to low resource need
counties, but these effects were all relatively small.
The characteristic most often associated with differential impact of
RWJ health outcomes across all cluster groupings was county uninsured
rates. Marginal effects of county uninsured rates are shown in Fig. 3.
Each graph illustrates how a one-unit change in the standard deviation
of county insurance rates is associated with the probability of residing in
each of the four cluster types. All marginal effects were adjusted for
county socioeconomic and demographic characteristics. The effect of
county insurance rates and residing in an unfavorable cluster was
strongest for drug-related deaths, premature mortality, and reporting
fair or poor self-rated health compared to all other groupings. For
example, both premature mortality and reporting fair or poor self-rated
health were associated with steep increases of county uninsured rates.
When approximately 20% of a county is uninsured, the likelihood of
residing in an unfavorable geographic cluster of low resource avail
ability and high resource need and risk of premature death is approxi
mately 60%. When 30% of a county is uninsured, the likelihood
increased to just under 90%. The association between uninsured rates
and risk of drug-related deaths was linear.
Another observation was that uninsured rates were often strongly
associated with residing in a low resource need county, particularly for
measures of poor mental or physical health, as well as deaths attributed
to alcohol-impaired driving. For rates of drug-related death among lowneed counties there was a plateau effect of insurance status after rates
reached 10%. In all comparisons, the probability of residing in a
favorable overlapping cluster increased as uninsured rates fell. These
patterns were similarly observed for residing in a high need county.

Table 1
Number of Medical homes and counties included in the regression models by
RWJ health outcome (p < 0.05).
Overlapping Cluster Type
Unfavorable

High
Need

Drug-poisoning related deaths
Counties
128
114
Number
114
1234
of
PCMHs
Alcohol-impaired driving deaths
Counties
83
15
Number
7
163
of
PCMHs
Premature Deaths
Counties
157
108
Number
104
403
of
PCMHs
Poor Mental Health Days
Counties
163
168
Number
147
883
of
PCMHs
Poor Physical Health Days
Counties
129
127
Number
114
499
of
PCMHs
Fair/Poor Self-Rated Health
Counties
139
133
Number
75
474
of
PCMHs

Favorable

Low
Need

Mixed

NonSignificant

131
2,195

356
101

171
538

2,208
11,474

50
1,792

95
98

73
228

2,792
13,368

160
4,284

250
249

173
576

2,260
10,044

54
1,798

412
379

186
603

2,125
11,846

107
3,156

350
396

177
528

2,218
10,963

163
2,930

385
245

198
510

2,090
11,422

4. Discussion
Medical homes are envisioned as a collaborative, team-based
approach for primary care delivery, comprising numerous specialists
and technologies that, through centering on the patient and their
interaction with the provider, facilitates improved access to care, better
cost controls, and improved patient satisfaction. Although there is
growing enthusiasm for its potential to both strengthen clinical care
quality and address upstream determinants of health, few studies have
assessed inter-relationships between the health outcomes and socio
economic characteristics of the communities where these practices
emerge. A major challenge of previous evaluations has been the lack of
geographic, socioeconomic, and health-related detail to inform the
models. Through geocoding and database linkages, it is possible to
measure the association between varying geographic concentrations of
medical homes against varying burdens of disease rates in relation to
community socioeconomic and demographic contexts. The use of the
overlapping cluster technique allowed for a novel interpretation of how
communities that are among the most impacted by health and social
inequalities might come to benefit from greater PCMH saturation. These
findings were strengthened through incorporating the address infor
mation of all designated medical homes throughout the country.
Key features of the PCMH design – from consolidating major seg
ments of the health care system, to shared decision making between
patients and providers, to its underlying focus on multi-disciplinary care
– are thought to better position medical homes to help mitigate
6
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Table 2
Community health, socioeconomic, and demographic contexts across overlapping geographic clusters of unfavorable, high need, low need, and favorable PCMH-topopulation and health outcome areas, US census counties (number of counties included in each pairing).
Drug overdose deaths

Alcohol-impaired driving deaths

Cluster Type

Cluster Type

Premature Mortality
Cluster Type

Characteristic

Unfavorable
(128)

High
Need
(114)

Low
Need
(356)

Favorable
(131)

Unfavorable
(83)

High
Need
(15)

Low
Need
(95)

Favorable
(50)

Unfavorable
(157)

High
Need
(108)

Low
Need
(250)

Favorable
(160)

% African
American
% Uninsured

3.5 (4.2)

0.9 (0.9)

24.6 (8.8)

25.2 (7.3)

% Children in
poverty
% Rural

23.6 (6.2)

23.4
(10.5)
52.4
(27.7)

18.2 (9.3)

28.4
(11.8)
48.4
(35.3)

28.2 (7.6)

4.3
(5.1)
12.1
(3.6)
31.8
(8.8)
34.0
(8.5)
71.1
(26.3)

1.8
(2.6)
9.1
(3.8)
16.7
(6.7)
15.3
(5.0)
62.0
(32.5)

17.5
(22.7)
6.6 (2.0)

15.9 (10.3)

6.0
(11.6)
13.5
(5.5)
17.7
(6.7)
20.0
(7.0)
54.3
(29.2)

11.8 (16.4)

23.2 (6.9)

9.7
(18.9)
9.8
(3.3)
22.9
(4.4)
20.1
(5.5)
57.1
(26.3)

17.3
(20.8)
13.3 (5.2)

23.2 (7.1)

4.2
(11.3)
11.6
(5.2)
15.6
(7.2)
17.4
(8.0)
70.0
(31.8)

15.2
(20.7)
9.2 (4.6)

% Medicaid

4.2
(5.5)
10.7
(4.0)
28.3
(10.3)
27.6
(10.1)
59.2
(31.5)
12.6
(2.4)

4.5
(1.6)

5.0 (0.9)

54.0 (20.0)

39.0
(7.1)

17.0
(7.7)

16.8 (7.9)

10,756
(2,551)

11,258
(2,291)

5,527
(1,843)

6,034
(1,056)

Low
Need
(412)

Favorable
(54)

Poor physical health days
Unfavorable
High
(129)
Need
(127)

Low
Need
(350)

Favorable
(107)

Fair poor health
Unfavorable
High
(139)
Need
(133)

Low
Need
(385)

Favorable
(163)

16.6
(20.3)
12.8
(3.6)
28.5
(9.0)
31.1
(8.8)
66.7
(27.7)

2.2
(4.2)
11.9
(5.3)
15.1
(5.8)
16.4
(5.6)
68.6
(33.1)

5.5 (6.6)

11.9 (17.9)

12.0 (17.3)

6.8 (2.5)

16.4 (6.2)

19.4 (5.8)

25.9 (6.5)

20.6 (6.6)

25.1 (7.1)

16.8 (6.5)

27.2 (7.6)

15.3 (5.4)

28.9 (7.2)

46.2
(32.8)

63.4 (25.1)

45.7
(31.2)

63.5 (27.2)

19.4
(22.5)
12.8
(4.0)
30.8
(8.9)
33.8
(8.4)
68.8
(27.2)

1.5
(2.3)
9.5
(3.4)
16.0
(6.2)
15.4
(4.8)
67.7
(31.6)

3.4 (3.9)

13.2 (4.6)

1.8
(3.7)
10.4
(4.0)
15.0
(5.8)
15.5
(4.8)
69.7
(32.7)

4.4 (5.9)

8.4 (4.6)

16.5
(21.9)
12.3
(3.8)
30.3
(9.6)
33.0
(9.2)
67.9
(28.2)

4.6
(0.4)

3.1
(0.3)

3.4 (0.2)

4.7 (0.4)

4.8
(0.5)

3.1
(0.3)

3.3 (0.3)

22.1 (3.5)

23.6
(4.0)

13.2
(1.8)

13.6 (2.0)

Deaths (per
100k)

Characteristic

13.5 (4.4)

60.6 (25.1)

11.3 (2.5)

Poor mental health days
Unfavorable
High
(163)
Need
(168)

% African
American
% Uninsured

10.0 (16.5)

% Medicaid

24.7 (7.0)

% Children in
poverty
% Rural

25.5 (7.9)
61.5 (25.2)

Disease Rate

4.6 (0.4)

12.7 (4.2)

11.8 (4.0)

75.1 (32.4)

15.3 (4.3)

66.8 (24.9)

21.9 (6.4)
17.0 (5.7)
47.7
(29.4)

6.8 (2.4)
21.6 (5.8)
16.9 (5.5)
51.5
(28.8)

All statistics are percentages unless otherwise noted.

longstanding inequities in the quality of primary care experienced
among socially marginalized populations. As this study outlined,
incorporating community-level geographic and socioeconomic data into
PCMH evaluations can allow policy makers to plan PCMH expansions
with regard to populations that experience a high burden of health and
social risk factors. This study strongly supports such efforts given our
findings that access to medical homes appears to favor populations who
already reside in communities that are comparably healthier and less
socioeconomically vulnerable. The model could be recalibrated to look
at finer scale (e.g., census block/tract) clusters of access given access to
more granular health outcome data. This would allow for more in-depth
understanding of communities that are under served. However, such
data would have to most likely come from state-based evaluations given
the limitations of accessing individual-level health information that also
contains a geographic footprint.
It is important to note that one of the most robust indicators of low
concentrations of PCMH availability and high disease burden were
county uninsured rates. The reciprocal relationship was also shown,
with higher insured rates increasing the likelihood that a county would
be identified within a favorable overlapping cluster. Our evaluation also
suggests that, on average, area poverty rates remain a secondary indi
cator of practice location trends, particularly within high need as well as
low resource communities. Although the association between lack of
insurance and medical home access could be expected based the known
link between insurance status and health care access, cluster models
better expose the fact that practices are emerging outside of commu
nities that are likely to have greater health care needs. More broadly, if

policy makers were to incorporate spatial analytics into PCMH perfor
mance monitoring, they could better address the socioeconomic barriers
their citizens face, improve health outcomes, as well as reduce avoidable
health care utilization based on what is known about the overall benefit
of medical home designs. This study adds an important lens to ongoing
evaluations of PCMH availability, particularly in light of the variation in
which medical homes are entering into the marketplace.
In addition to the visual benefit of the cluster maps for revealing
different concentrations of resource supply and demand, combining
these tests with traditional regression analysis allows policy makers to
link geographic detection models with familiar decision support tools.
The evaluation metrics used here, including relative probability ratios
and marginal effect statistics, were both enhanced by being used to
compare relative differences in events within each type of overlapping
cluster. This allows policy makers to identify where needs are greatest as
well as where needs are greatest and being met with greater influx of
providers. The strength of this approach also was demonstrated by our
findings contrasting different cluster types with greater concentrations
of Medicaid recipients. On average, we found that counties that had
higher proportions of Medicaid recipients tended to exhibit associations
with medical home clusters that reflected greater availability of services.
Although these patterns were not statistically significant across every
health measure, the overall direction of the association trended posi
tively, offering some indication of the positive effect of state-wide efforts
to reinvent Medicaid under the ACA’s new payment reform programs
(Takach, 2011). Longitudinal studies would help to solidify these
findings.
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Table 3
Estimated association between county socioeconomic and demographic characteristics and overlapping geographic clusters of resource availability and resource need
(number of counties included in each model), by RWJ health outcome. All risk ratios are reported with 95% confidence intervals. Low-need overlapping clusters were
used as the reference group for all models.
Drug Overdoses
(729)

Alcohol-Impaired Driving
Deaths (243)

Premature
Mortality (675)

Unfavorable clusters: Overlapping clusters of low resource availability and high resource need
% African American
0.92 (90 - 0.96)
0.51 (0.36–0.74)**
1.21 (1.10–1.33)
***
***
% Uninsured
1.06 (1.00–1.13)
0.90 (0.82–0.99)*
1.37 (1.24–1.52)
*
***
% Medicaid
1.15 (1.09–1.22)
0.97 (0.90–1.05)
1.08 (1.01–1.17)*
***
% Children living in
1.04 (0.98–1.11)
1.04 (0.95–1.14)
1.30 (1.18–1.43)
poverty
***
% Rural
0.98 (0.97–0.99)
1.01 (0.99–1.02)
1.01 (1.00–1.03)
***
High need areas: Overlapping clusters of high resource availability and high resource need
% African American
0.92 (0.89–0.95)
1.08 (1.01–1.16)*
1.22 (1.11–1.34)
***
***
% Uninsured
0.90 (0.83–0.96)
0.86 (0.71–1.04)
1.12 (1.00–1.25)*
**
% Medicaid
1.12 (1.05–1.20)
1.31 (1.11–1.55)**
1.08 (0.99–1.17)
**
% Children living in
1.17 (1.09–1.26)
0.77 (0.62–0.96)*
1.43 (1.28–1.59)
poverty
***
***
% Rural
0.97 (0.96–0.98)
1.03 (1.01–1.05)*
1.01 (1.00–1.03)
***
Favorable clusters: Overlapping clusters of high resource availability and low resource need
% African American
1.01 (0.99–1.04)
1.01 (0.98–1.05)
1.18 (1.08–1.28)**
% Uninsured
0.79 (0.72–0.85)
0.89 (0.80–0.99)*
0.73 (0.66–0.82)
***
***
% Medicaid
1.05 (0.99–1.11)
1.01 (0.93–1.09)
1.10 (1.04–1.16)**
% Children living in
1.11 (1.04–1.19)
1.11 (1.00–1.22)*
1.03 (0.95–1.10)
poverty
**
% Rural
0.98 (0.97–0.99)
1.00 (0.98–1.01)
1.00 (0.99–1.01)
***

Poor Mental Health
Days (797)

Poor Physical Health
Days (713)

Poor or Fair Self-Rated
Health (820)

1.07 (1.03–1.11)**

1.07 (1.02–1.12)**

1.29 (1.16–1.44)***

0.93 (0.87–0.99)*

1.03 (0.95–1.11)

1.36 (1.24–1.50)***

1.13 (1.07–1.19)***

1.12 (1.05–1.19)**

1.14 (1.05–1.23)**

1.18 (1.11–1.26)***

1.29 (1.19–1.41)***

1.28 (1.17–1.42)***

0.99 (0.98–1.00)**

0.98 (0.97–0.99)**

0.99 (0.98–1.00)

1.07 (1.03–1.11)**

1.06 (1.01–1.11)*

1.3. (1.17–1.45)***

0.89 (0.83–0.95)**

0.93 (0.85–1.01)

1.17 (1.06–1.29)**

1.11 (1.05–1.18)**

1.08 (1.01–1.16)*

1.14 (1.05–1.24)***

1.29 (1.21–1.39)***

1.47 (1.34–1.61)***

1.40 (1.26–1.55)**

0.99 (0.98–1.00)*

0.98 (0.97–0.99)**

0.99 (0.98–1.01)

1.07 (1.02–1.13)**
0.80 (0.71–0.89)***

1.09 (1.03–1.15)**
0.76 (0.68–0.85)***

1.14 (1.04–1.24)**
0.76 (0.69–0.85)***

1.09 (1.01–1.18)*
1.05 (0.95–1.16)

1.16 (1.09–1.23)***
0.99 (0.91–1.08)

1.11 (1.05–1.17)**
1.03 (0.96–1.10)

0.98 (0.97–0.99)**

0.98 (0.97–0.99)**

0.99 (0.99–1.00)

*p < 0.05; **p < 0.01; ***p < 0.0001.

Another strength of this approach is that it could be used to model
pre-post associations between medical home saturation and changes in
community health outcomes. This would allow policy makers to identify
whether the placement of medical homes throughout their state is
having an overall impact on population health outcomes within com
munities where social vulnerability and need is high. However, as this
study shows, there was a lack of consistency in the interaction between
medical home placement and community health outcomes with respect
to community characteristics other than poverty rates and insurance
status. State-by-state analysis may be required in order to identify
additional indicators that are consistently associated with community
health and socioeconomic scores. This may also require using more
granular data given that county boundaries often average away more
information than they reveal.
Several study limitations prohibit us from identifying a causal link
age between PCMH availability and health outcome scores. For
example, the cross-tabulated and single time stamp of the data pro
hibited us from identifying whether medical homes tend to cluster
within communities that have poor health outcomes that then transition
to having better outcomes. Longer periods of time are required to test
this same association for regional socioeconomic trends. Although some
assumptions must be made because of our reliance on aggregated data,
the associations between PCMH availability and community health
outcomes presented here helps bring the importance of social de
terminants of health into focus. An alternative approach, and one that
would still be able to be drawn from publicly available aggregate data,
would be to expand the content of quality measures included in the
Healthcare Effectiveness Data and Information Set (HEDIS) program to
include socioeconomic constructs (Rosenthal et al., 2012). Similar
quality measures are published by the Health Resources & Service Ad
ministration’s Federally Qualified Health Centers, as are the geographic

data to map these comparisons throughout the country relative to PCMH
saturation. Additionally, longitudinal analyses of claims/billing data
linked with geographic data could help confirm the questions raised in
this study related to association between community health outcomes
and PCMH availability. Likewise, county-level estimates for many of the
health indicators included in the analysis could mask regional patterns
that would be better magnified using small-area estimates, such as
census tracts or ZIP codes, as they lack the level of homogeneity often
needed to see such trends. This could also help explain whether mixed
associations between some indicators arose because of poor sensitivity
with the overlapping clusters or because of the amount of aggregation in
the data. We did attempt to determine whether our classification of
PCMH-to-population ratios was as sensitive as similar measures of
PCMH availability, including constructing clusters based on
PCMH-to-provider ratios and constructing proportions based on the
overall number of medical homes relative to all primary care providers.
The results in each analysis generated similar relative proportions and
marginal effects that were reported here. We chose to use
PCMH-to-population ratios as these are commonly used metrics in na
tional reports, such as those published in the Dartmouth Health Atlas.
Lastly, our results may be most reflective of communities that are
compositionally similar to neighboring areas. Because we limited the
analysis to four of the six overlapping cluster types, this meant that we
excluded the majority of counties that had one or more medical homes
from the regression analysis. On average, the overall findings in this
study were derived from approximately 23% of all medical homes and
approximately 37% of all counties that contained them. As such, states
such as Florida that have high counts of medical homes were excluded
owing to the proportion of medical homes relative to its total popula
tion. An alternative approach would have been to contrast the four
overlapping clusters against the mixed and/or non-significant counties.
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Fig. 3. Marginal effects for county uninsured rates across each RWJ health outcome.

Although this would in effect include every county with a medical home
in the analysis, it would dull the differences in the models owing to
similarities between each cluster type and the counties in the reference
groups. Alternative approaches based on logistic regression remain
important for monitoring stepwise association in disease risk with
greater PCMH availability, but these methods are not as sensitive to
exposing spatially significant differences in resource availability and
resource need across regional contexts.

5. Conclusion
Without question, studies have shown that medical homes provide a
tremendous benefit to both patients and providers (Reid et al., 2009;
Solberg et al., 2011), including improve utilization of services (Paustian
et al., 2014; Reid et al., 2010), as well as lower overall health care costs
(Devries et al., 2012). Although systematic reviews often suggest that
some of these benefits might be over sold, the differences in findings are
9
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often attributed to the lack of its “one size fits all” framework. For
example, some medical homes may choose to focus on better care co
ordination, others may prioritize improved patient tracking, whereas
others may emphasize access. For the most part, however, PCMH eval
uations have eschewed drawing linkages between its geographic dis
tribution and the populations they serve. We found that neighboring
communities that experience greater relative health and socioeconomic
inequalities were also more likely to experience poorer access to medical
homes. These findings suggest that where health and socioeconomic
needs are greatest there is less availability of structured interventions
that many hope will be able to tackle the longstanding inequities in the
quality of primary care experienced among the most socially vulnerable.
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